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Disease Transmission Models for Public Health Decision Making: Toward an
Approach for Designing Intervention Strategies for Schistosomiasis japonica 
Robert C. Spear, Alan Hubbard, Song Liang, and Edmund Seto
Center for Occupational and Environmental Health, School of Public Health, University of California, Berkeley, California, USA
In a companion article, Eisenberg et al. (2002)
present an approach to the analysis of infec-
tious disease transmission for waterborne
pathogens using dynamic models studied via
computer simulation techniques. Here we
present an application of this approach to
designing local control strategies for the para-
sitic disease schistosomiasis. The schistosomia-
sis transmission cycle involves mammals and
freshwater snail species linked through contact
with different forms of the parasite in surface
waters. Our work focuses on agricultural vil-
lages in the southwestern part of Sichuan
Province in China, where schistosomiasis is
endemic. The challenge is to determine
whether a dynamic modeling approach can be
a useful tool in specifying effective interven-
tion strategies. We propose to use the model
to integrate general knowledge of the factors
controlling transmission of the disease, quan-
titative data specific to the transmission of
schistosomiasis in China, and site-specific data
of the sort typically available in these settings.
This report is of work in progress in that
our activities to date have been concerned
with model formulation and its parameteri-
zation, particularly in light of the kind of
field data commonly generated in rural
China. We have not yet designed and
implemented an intervention program.
However, much of our work has been
devoted to analysis of data from a study that
culminated in a successful intervention pro-
gram carried out by our colleagues at the
Sichuan Institute of Parasitic Disease over
1987–1995. Regrettably, that intervention
was not sustainable because of recurrent
annual costs of drug treatment. This under-
scores that the search is for an intervention
strategy that is not only effective but also
sustainable in a local context.
It is important to point out at the outset
that we are not designing intervention trials
in a traditional epidemiologic context. Our
objective is not to determine whether a par-
ticular intervention is effective when all
other factors are controlled. For schistoso-
miasis, there is a considerable body of
knowledge about the array of methods of
controlling transmission that have been
employed in different settings. The task is to
determine which blend of the subset of fea-
sible interventions should be used in a par-
ticular setting and to predict its probable
effectiveness in diminishing disease trans-
mission. To accomplish this task, we require
a well-informed computer model of schisto-
somiasis transmission that can be calibrated
to local conditions. Eventually, we hope to
use the model as a tool for routinely design-
ing the management strategies for the many
sites where the disease is endemic.
The Disease
Schistosomiasis is a waterborne parasitic dis-
ease that affects 200 million people and
poses a threat to 600 million in more than
76 countries (WHO 1993). The disease is
caused by infection by parasitic worms of
the genus Schistosoma. These parasites are
transmitted via contact with contaminated
water. The life cycle of the schistosome
begins with the sexual pairing of adult
worms in the blood vessels of the host and
the production of copious numbers of eggs,
a fraction of which are excreted in feces (or
urine in the case of S. haematobium). The
eggs hatch in water and release a free-swim-
ming miracidium, whose objective in life is
to find and penetrate an appropriate snail in
which to develop. After a period of asexual
reproduction, tailed, free-swimming larvae
called cercaria leave the snail and are trans-
ported in water, where they actively seek an
appropriate vertebrate host. Cercaria pene-
trate the intact skin of the host, thus infect-
ing it. The parasites subsequently mature
into adult worms in the host, where they
mate to complete the cycle.
Four to six weeks after schistosome pen-
etration and once worms have migrated to
and settled in the mesenteric veins of the
vertebrate host, mated adult worms begin to
produce eggs. On rare occasions, infected
people will experience a severe condition at
this time, called Katayama fever, in the
Asian form of the disease. The worms them-
selves cause little or no damage to the body.
They are generally undetected by the body’s
immune system because of the ability of the
worm’s tegument to attach host proteins to
itself as a kind of camouflage. In the long
term, it is the eggs that are the real culprits
of clinical disease. Eggs are carried off in cir-
culation and are sieved by small blood ves-
sels, especially in the liver and spleen, where
the body’s immune system attacks them and
covers them with fibrotic tissues that accu-
mulate into granulomas.
Long-term infections can lead to devel-
opment of severe lesions that block blood
flow. The resulting increase in blood pres-
sure can in turn direct eggs out of the
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abdominal area into other parts of the body,
including the lungs and brain. The tissue
damage and lesion development caused in
these areas can be fatal in severe cases.
Symptoms of chronic infection may include
general malaise; abdominal pain; headache;
enlargement of the liver, spleen, and lymph
nodes; and presence of blood, pus, and
mucus in the stool. Cirrhosis may develop
as lesions accumulate in the liver.
In the continuing absence of a vaccine
for schistosomiasis, it is necessary to rely on
various environmental and behavioral inter-
ventions to diminish risk of infection.
Virtually all have been tried in one setting
or another. Because water contact is the
route of exposure of the vertebrate host, it is
possible to identify particularly hazardous
aquatic environments and attempt to con-
trol access to them by both humans and ani-
mals. Alternatively, one may either protect
the snails from infection by humans and
animals or destroy the snails or their habitat.
In China, an ancient and pervasive practice
involves mixing human excrement, termed
nightsoil, with that of animals, which is
then used for crop fertilization. Where ani-
mal involvement is marginal, this practice is
central to maintaining the infection in the
snail population. Hence, the strategy of
enhancing sanitation facilities and condi-
tions employed in other regions of the
world to date has not been a viable strategy
in China. More commonly, the large-scale
use of chemotherapy for humans and ani-
mals has been used and has the beneficial
effect of controlling morbidity while inter-
rupting the egg burden shed into the envi-
ronment. Although various combinations of
these control strategies have been used quite
successfully to reduce the incidence of dis-
ease in China, as recently as 1995 approxi-
mately 865,000 people and 100,000 water
buffalo were infected (Chen 1999). The
endemic areas in 2000 are shown in Figure
1. Control has been particularly difficult in
certain regions, including the mountainous
areas of Sichuan, where our work has been
focused.
Schistosomiasis is a disease whose distri-
bution is particularly sensitive to environ-
mental change, most clearly environmental
change of human origin. Two events loom
that promise major environmental changes:
the completion of the Three Gorges Dam
on the Yangtze River in China and the
increasing probability of global warming.
The changes that will be caused by these
events promise to have a substantial impact
on the distribution and extent of S. japon-
icum in China. Hotez et al. (1997) have
written on the impact of the dam, speculat-
ing that the effect will generally be to
increase both Oncomelania snail habitat and
human disease transmission. More recently,
our colleagues in the Sichuan Institute of
Parasitic Disease have completed a 3-year
project for the Chinese Ministry of Health,
in which they reach a similar conclusion for
the environment upstream of the dam,
although they forecast that the time frame
for fully establishing the disease may extend
50–70 years into the future (SIPD 1998).
Modeling Schistosomiasis
Transmission
Mathematical modeling of schistosomiasis
transmission began with the work of
MacDonald (1965). Considerable further
work has occurred since that time (Anderson
and May 1991; Woolhouse 1991). Essentially,
there have been two approaches: models
based on disease prevalence and models
based on parasite burden. As discussed more
generally by Eisenberg et al. (2002), preva-
lence models track the number of infected,
infectious, or susceptible individuals,
whereas models based on parasite burden
track the intensity of infection, most com-
monly mean parasite burden in a popula-
tion. Because, in the case of schistosomiasis,
clinical disease is linked to the duration and
intensity of infection, parasite burden mod-
els may be preferred (Anderson and May
1991). This is clearly the case for morbidity
control programs. Hence, the structure of
the model being used in our work follows
that of Anderson and May (1985), which
tracks mean worm burden in the human
population and the mean density of infected
snails in the environment.
In our variant of the model, we also
track the uninfected snail density as well as
divide the human population into risk
groups generally defined by occupation and
residence. In particular, we employ a con-
nected set of models for each of these risk
groups, each of identical structure. To date,
we have focused on occupational groups
comprising farmers, domestics, students,
and others (e.g., teachers and administra-
tors) living in a natural village. Residence is
indexed by natural village because residen-
tial areas are generally included within the
boundaries of the land farmed by the vil-
lagers who live there. The rationale for
dividing the population by residence and
occupational group was originally suggested
by an analysis of the prevalence data from
villages in Sichuan in which the dominant
classification variable was residence, with
occupation second, followed by other small
subgroups defined by task (Maszle 1998).
The residence–occupation classification is
also attractive because it defines convenient
groups around which intervention can be
structured.
The state equations of the model
describe the worm burden, wik, of the ith
occupational group living in village k; the
average density of infected snails, zk; and the
density of uninfected snails, xk, in that vil-
lage. Each of these equations is of similar
structure in that the rate of change of each
variable with time depends on the difference
between the rate at which worms, for exam-
ple, develop in vivo and the rate at which
resident worms die. Similarly, uninfected
snails reproduce, die, or become infected.
The mortality rate of infected snails is
higher than that of uninfected snails.
However, because the fraction of the snail
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Figure 1. The schistosomiasis endemic areas in China in 2000. The Chuanxing villages are within the
Anning River Valley.
population that is infected seldom exceeds
1% of the total population, the rate of
decrease of the uninfected snail population
is essentially all due to natural mortality.
Although the death rates of worms,
infected snails, and uninfected snails are all
modeled simply as first-order processes, the
processes and rates at which worms develop
in humans, the infection process in snails,
and the reproduction of uninfected snails in
the environment are all complex. That is
because these processes depend on environ-
mental variables such as temperature and
rainfall, agriculture-related variables such as
irrigation water area and fertilizer use, and
variables related to the development and
maturation of the parasite in snails and in
people. The model and its parameters are
described in detail elsewhere (Liang et al.
2002); we summarize its structure and para-
meters here to illustrate how the model
serves as a platform for the integration of
the quite diverse data bearing on the inten-
sity of disease transmission and the opportu-
nities for its disruption at a local level (Liang
et al. 2002).
Figure 2 shows the model and its struc-
tural relationships, together with local data
inputs. The outputs of the thick-ruled boxes
are the state variables wik, zk, and xk, where
wik(t) = mean worm burden in the ith group
in environment k; xk(t) = mean density of
uninfected snails (snails/m2 of habitat); and
zk(t) = mean density of infected snails
(snails/m2 of habitat).
As mentioned above, the common fea-
tures of the equations are the death processes,
denoted by µ, with corresponding subscripts
for worms in vivo, infected snails, and unin-
fected or susceptible snails. Also, there are
three temperature-dependent developmental
delays, from human infection to the matu-
ration of the worm in vivo, τw; infection of
the snail to the time when cercaria are
excreted into the environment, τz; and the
time from snail hatch to adulthood, that is,
to infectable status, for the snail, τs. The
exponential terms depending on the µτ
products in each of the equations are the
fraction of the developing population that
dies before development is complete. Table
1 provides a summary of the model parame-
ters and environmental variables, together
with their units, except four parameters
associated with snail and sporocyst develop-
ment, discussed below, which do not appear
explicitly in Figure 2.
The cercarial concentration is assumed
to be directly proportional to the density of
infected snails adjusted by Cnet, the net
import or export from or to adjacent vil-
lages. Both Ck(t) and zk(t) are spatial aver-
ages over k. Because the lifetime of both
cercaria and miracidia is less than a day, and
the time step of the model for simulation
purposes is 1 day, these relationships are
algebraic. Because the adult snails live above
the waterline, it is clear that rainfall is an
important mechanism for flushing cercaria
into ditches as well as transporting eggs
from the field, where they are distributed in
nightsoil, into the ditch environment, where
the snails live. Hence, rck(p) is the fraction
of the daily production of cercaria that
reach the surface water and is a function of
the daily precipitation, p(t). The units used
for infective cercaria and miracidia are based
on the premise that both inhabit surface or
near-surface water.
The miracidial concentration is given by
Mk(t) = rek(p,βk)Ek(t). As with the cercaria,
rek(p,βk) represents the precipitation-depen-
dent fraction of the total daily egg produc-
tion, Ek(t), which enters the aquatic
environment of the kth village and hatch
into miracidia in surface waters. As with cer-
caria, Ek(t) includes a transport term, Enet,
to or from adjacent villages. Egg burden
into the environment also depends on the
fraction of the total nightsoil production
used for fertilization, βk, which varies sea-
sonally and by crop demand. Egg excretion
by humans, which drives miracidial produc-
tion in the absence of significant infected
animal populations, depends on the worm
burden in all occupational groups living in
village k; hence the stacked boxes at the top
of Figure 2. Egg excretion is estimated from
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dwik
dt
= αe – µw τw γ iksi t – τw( )C k t – τw( ) f wik( ) – µww ik
C k t( ) = I c T1( )σrck p( ) AhkAsk z k(t )
Ek t( ) = h2 ginikwikΦ wik ,kik( )i∑
Mk t( ) = rek p,βk( )Im T1( ) Ek t( )Ask
dx k
dt
= e – µs τs B t – τs ,T 2, p( )x t – τs( ) – µ sx k
Rainfall
Uninfected snail density
Environmental temperature
Infected snail density
Fertilizer demand
Rainfall
Habitat area
Surface water area
Miracidial density
Cercarial density
Egg excretion
Enet
Worm burden
Risk group
population
Cnet
Water temperature
Water contact intensity
dzk
dt
= ρe – µz τz ξk Mk t – τz( ) – µ zzkt – τz( )xk
Figure 2. The structure of the transmission model describing group specific worm burden wik in humans;
their egg output, Ek; resulting miracidial density in the irrigation system, Mk; the density of uninfected
snails, xk; infected snails, zk; and the resulting cercarial density in the irrigation system, Ck. The dashed
lines represent local data inputs to the model. 
data from two separate tests, the Kato-Katz
test, which involves microscopic examina-
tion of fecal smears and results in egg
counts, and a miracidial hatch test that is
sometimes used in China to detect infec-
tion. These data are fitted to a statistical
model whose parameters kik, r, and h are
estimated from local data and embedded in
the mathematical model of Figure 2 (De
Vlas et al. 1992)
Temperature enters the model in several
additional ways. First, the infectivity of cer-
caria is known to be temperature dependent
and is reflected in the model through the
unit-free infectivity function Ic(T1), where
T1 is water temperature. A similar phenom-
enon exists for miracidia, which is similarly
represented by Im(T1). Hence, Ck and Mk
are effective concentrations after adjusting
for temperature-dependent infectivity. Also,
the time delay between infection of the snail
by a miracidia and the development of the
sporocyst to a point where cercaria begin to
be excreted is temperature dependent and
represented by the delay time, τz. Maszle
(1998) developed a degree–day model that
specifies τz from the local temperature time
series, a formulation that we continue to
employ. However, the degree–day models for
both infected and uninfected Oncomelania
snails depend on temperature not of the
water but of the microenvironment along
the ditches above the waterline. The func-
tion B(t – τs,T2, p) is the effective per capita
reproduction rate of uninfected snails, which
also depends on the microenvironmental
temperature T2 and rainfall, p.
At this point, it is clear that the model is
structured to integrate very diverse informa-
tion both from the field and from laboratory
investigations regarding factors influencing
the life cycle of snails and the biology of the
schistosome. The challenge is to move from
structural issues to quantitative forecasts of
infection rates in humans and in snails. This
requires moving from functional relation-
ships to numbers.
Model Parameters
At this point in our exposition, experienced
modelers will be questioning the level of detail
of the model presented above and the data
that exist to yield realistic parameter estimates.
Unquestionably, the success of our approach
rests on narrowing the uncertainty in impor-
tant parameters to a degree that will result in
sufficiently narrow ranges of uncertainty in
the predicted outputs; the uncertainty in the
outputs determines the resolution with which
one can compare candidate intervention
strategies. Hence, the parameter estimation
issue is central. As discussed below, our for-
mal approach to parameter estimation results
in explicit information on residual parametric
uncertainty at each point of the analysis. As a
prelude, however, in Table 1 the parameters
of the model are divided into three groups,
biologic, measurable, and spatial, based on
the nature and extent of data available for
their estimation.
Biologic parameters. Biologic parameters
are those that might be expected to be rela-
tively invariant across regions of similar ecol-
ogy and single snail species, for example, the
mountainous endemic areas of Sichuan.
Among these parameters are the natural death
rate of infected snails, µz, and parameters that
depend principally on human or parasite
physiology, for example, the death rate of
worms in the body, µw. The proportionality
constants α and ρ, the egg model parameters
r and h, and the developmental delay τw, the
time between cercarial penetration to the
mature worm, are all biologic parameters.
The data available for estimating/constraining
these biologic parameters consist of published
experimental data (e.g., h, r, µz, and µw) as
updated by infection data collected in epi-
demiologic surveys of the villages. Thus, one
of the most important challenges of our
approach is to use data integration techniques
that give proper weight to each source of data.
Measurable parameters. The measurable
parameters are those that can be at least
approximated from site-specific data.
Clearly, the areas of habitat and surface
water are estimable from field surveys (Seto
et al. 2001). A more complicated example is
the parameter si(t), which reflects the inten-
sity of water contact of an average person in
occupation i. This quantity varies with sea-
son and is intuitively quite important. The
parameter s i(t) can be estimated from
monthly time–activity questionnaire data or
using the more sophisticated methods of
Ross et al. (1998). We assume si(t) estimates
to be valid across a region for villages
engaged in similar agriculture.
Spatial parameters. The spatial parame-
ters are those that can currently be estimated
only from site-specific longitudinal data that
allow the model to be fit to initial and final
values of state variables via simulation stud-
ies. That is, presently these parameters can-
not be estimated independently of the
model. These parameters are γik and ξk. The
notion is that they will both equal unity if
cercaria and miracidia are uniformly distrib-
uted in the surface water system, but both
can be larger or smaller than unity. For
example, if cercaria and human water con-
tact patterns have different spatial distribu-
tions over the water system, one might
expect γik to be small, reflecting that the
worm burden is less than one might expect
from the number of infected snails and the
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Table 1. Model parameters, variables, and inputs.
Parameters Interpretation and units Values
Biologic
τw Worm development delay, infection to maturity in humans (days) 20–30
µw Worm mortality rate (per capita per day) 0.000456–0.0014
h Eggs excreted per worm pair per gram stool 0.728–2.56
r Aggregation of eggs in stool sample at constant worm burden 0.1–10
γw Density dependence of worm establishment in vivo 0.001
τz Sporocyst development delay to cercarial release (days) 60–83
µz Patent and latent snail death rate (snails per snail per day) 0.0042–0.0074
σ Cercarial production per sporocyst per day 3–26
τs Snail development delay, egg hatch to infectable age (days) 71–115
µs Snail mortality rate (per capita per day) 0.0023–0.01
Bm Maximum snail reproduction rate (eggs per snail per day) 0.2–1.1
α Schistosome acquired per cercaria per square meter contact 0.0001–0.5
ρ Probability of snail infection per miracidium per square meter surface water 0.000001–0.0005
Measurable
wik(0) Initial worm burden in the ikth group Local data
xk(0) Initial snail density Local data
zk(0) Initial infected snail density Local data
si Average water exposure for the ith group Local data
[exposure area (m2/contact/day)] 
kik Worm aggregation parameter Local data
Ahk Snail habitat area (m2) Local data
Ask Surface water area (m2) Local dataβk Fraction of nightsoil used for fertilization Local data
Spatial
γik Spatial index for the distribution and interaction between 1 (default value)
human exposure and cercaria 
ξk Spatial index for the distribution and interaction between 1 (default value)
snails and miracidia
Inputs
p Rainfall (mm/day) Local data
T1 Water temperature (°C) Local data
T2 Snail microenvironment temperature (°C) Local data
intensity of water contact. If γik is large—
that is, if human water contact occurs where
infected snails are concentrated—it suggests
the converse, together with the implication
that an environmental intervention, either
focal application of molluscicide or ditch
alterations, might have a significant impact
on transmission intensity. To specify such an
intervention would require spatial data that
would allow targeting snail clusters proxi-
mate to water contact locations associated
with the ith risk group, perhaps a popular
clothes-washing site.
As noted above, the challenge is to esti-
mate the various parameters of the model to
a degree of precision that will allow discrim-
ination of the effects of various simulated
interventions in the presence of residual
uncertainty. As outlined by Eisenberg et al.
(2002), we begin by assigning to each para-
meter of the model a distribution function
reflecting current uncertainty of its value at
each stage of the study. The essence of our
strategy is to refine these estimates from new
information. There are two dimensions of
refining our knowledge, the acquisition and
integration of site-specific data and the sta-
tistical methods of updating the parameter
estimates. Computer simulations are central
to both aspects.
Local Data Sources
Our efforts to date have focused on adapt-
ing the model to incorporate the nature and
extent of site-specific data. In this context,
much of our work is based in the Anning
River Valley of southwestern Sichuan.
Villages were selected as being typical of the
environment of about 90% of the popula-
tion in the Daliang mountainous region.
The living and working styles of people in a
residential group are usually very similar,
and the fields that they farm are usually
adjacent to their housing areas. In general,
the agriculture typical of the river valley
plains does not rely heavily on animal hus-
bandry; hence, the animal populations are
relatively small in comparison with the high
mountain valley regions, also found in the
Daliang region.
Within the Chuanxing township, which
is typical of the area, the maximum elevation
is 2,010 m in the north, dropping to 1,530
m in the south. The climate is subtropical,
with an annual average temperature of 17°C
and annual rainfall of about 1,000 mm, over
90% of which falls between the beginning of
June and the end of October. The main
agricultural products are rice, wheat, garlic,
eggplant, and tomatoes, although more
diversified vegetable crops and flowers are
increasingly common. A complex irrigation
system was substantially expanded in the late
1970s. Rainfall and mountain runoff feed
the irrigation system in the wet season, and
during the dry season, water can be pumped
from Qionghai Lake, several kilometers to
the south. Since the expansion of the irriga-
tion system, the prevalence of schistosomia-
sis has increased in the area. In Minhe
village, for example, the infection rate was
32% in 1977, 38% in 1978, 39% in 1980,
49% in 1984, and 57% in 1987. An impor-
tant factor to sustaining the disease cycle in
this area is that fertilization practices make
extensive use of nightsoil that is moved from
residential pit latrines to field storage pits
without treatment and with minimal hold-
ing times. Snail habitat is principally on the
margins of irrigation ditches because they
offer year-round moisture and a relatively
stable habitat, unlike the farmed areas them-
selves. A typical ditch network mapped using
the Global Positioning System (GPS) is
available online (Seto and Liang 2002) or in
Seto et al. (2001).
In those regions of China in which
schistosomiasis is endemic, there are units
organized within county health departments
whose focus is on surveillance and control
of the disease. They are supported by sec-
tions of the provincial health departments
and by both research- and surveillance-
based activities at the national level that are,
in turn, in touch with relevant units of the
World Health Organization. This has stan-
dardized methods and protocols to differing
degrees at the provincial, national, and
international levels. In Sichuan, field data
that can be collected, given adequate
resources, include the following.
Human prevalence. Prevalence surveys
may begin with an immunologic screen that,
if positive, is followed by examinations of
fecal samples. As mentioned above, this might
involve a miracidial hatch test and/or Kato-
Katz quantitative egg counts for those with
positive hatch test. Infection histories are
often available for each individual based on
these data. If animal populations are signifi-
cantly involved in transmission, similar tech-
niques are used to determine their infection
status.
Snail survey. In our work, this now
begins with ditch-mapping procedures using
the GPS, as noted above, an aspect of which
allows sampling of sites and estimation of
snail density and the extent of habitat by
location on the ditch network. The fraction
of the snail sample that is infected is typi-
cally very small; hence, knowledge of the
spatial distribution of infected snails is gen-
erally very poor. This motivates the cercarial
bioassay.
Cercarial bioassay. Bioassay data are
obtained at various locations on the ditch
networks at particular times, generally at the
height of the mid-summer infection cycle.
The procedure involves exposure of one
cage of five mice per location to the surface
water in the ditch for a total exposure
period of 10 hr. Because the exposures are
integrated over multiple days, good infor-
mation is gained on the relative hazard of
each location if the timing of the assays is
reasonably coincident. This provides a crude
measure of the spatial variation in cercarial
concentration.
Water contact survey. This collects one-
point-in-time questionnaire data, generally
early in any site-specific investigation, and it
may be the least commonly collected of the
items on this list. It allows estimates of the
relative intensity of water contact by season
and occupation and informs the parameter
si(t), as discussed above. In Sichuan, strati-
fied random sampling procedures are often
used with about 25% population samples.
Agricultural and environmental data. It
is becoming increasing clear that the inten-
sity of transmission is closely connected to
the types of crops grown and associated fer-
tilizer use demands. Information on these
issues is available both from records of the
administrative village and from local inter-
views. Also, air temperature and rainfall data
are regionally available. There is also consid-
erable variability in the animal population
in these villages as well as in the potential
for their participation in the transmission
cycle. However, it is clearly much less of an
issue in this area than it is on the lower
Yangtze River, where water buffalo are cen-
trally involved (Chen and Zheng 1999).
Simulation Strategy
For any risk group, most of the parameters
of the model are biologic parameters—para-
meters that are likely to be relatively invari-
ant over large regions and, ideally, over
time. This is desirable because estimates of
the range of values for these parameters can
be extrapolated from one site to another, as
well as narrowed with experience over time.
However, for any village, there are three to
five occupational classes, all of which are
likely to have some level of infection within
them, which means that they must be
accounted for in calculating the egg burden
to the village environment. So even though
there is a modest number of occupational or
mixed occupational and site-specific para-
meters such as si(t), kik, and γik, they prolif-
erate quickly as the number of groups
increases. Whether or not this is a problem
depends on the relationship of the number
of parameters and the amount of data avail-
able to estimate them. For example, adding
a new village and its data to the analysis is
much less problematic than is subdividing
the data from a particular village into a
larger number of risk groups.
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The issue of grouping or aggregation of
the population becomes particularly impor-
tant when exploring the interaction of one
village with the next, either in terms of
human infection or that of snails. Zhou et
al. (1997) showed that there is significant
spatial correlation in the Chuanxing data set
for infection-related variables between adja-
cent villages, but not of such variables as
uninfected snail density or human water
contact frequency. Hence, we expect that
the final definition of risk groups will be
based on both infection data and spatial fea-
tures, the latter related to the clear impor-
tance of surface water transport of cercaria
and miracidia. In that regard, a separate
aspect of our work relates to the use of satel-
lite imagery for the identification of snail
habitat as well as other remotely observable
landscape data. For example, we have
recently acquired high-resolution satellite
images (IKONOS) of 20 villages near
Qionghai Lake near Xichang to match with
all of these other data items in the foregoing
list in an attempt to understand the impor-
tance of landscape-related risk factors.
Our current modeling work is aimed at
using historical data from Chuanxing town-
ship to refine the estimates of the biologic
parameters available from the literature.
Maszle (1998) conducted an extensive
review of the relevant literature for this pur-
pose, which forms the first generation of
parameter estimates. The second generation
will result from the analysis of two cross-sec-
tional surveys in Chuanxing, the first in
1987 and the second in 1989. In 1987, a
complete prevalence survey was conducted
in all 12 villages, together with snail and
time–activity surveys. This analysis col-
lapsed the 12 villages and five occupations
into seven relatively homogeneous groups.
This means of forming the initial risk
groups was based on the premise that, in
1987, the population was in a state of
dynamic equilibrium with the environment
insofar as there had been no widespread
chemotherapy in humans before that time.
The first-generation parameter estimates
and the 1987 data comprise the initial con-
ditions for the simulation study.
After the 1987 prevalence surveys, all
infected individuals were treated with prazi-
quantel, the drug of choice for treatment of
schistosomiasis. This compound kills the
adult worms in vivo in a single course of
treatment with about 95% effectiveness.
There was also some use of molluscicide
before the 1988 infection season, but subse-
quent snail surveys showed this to have been
ineffective. The second prevalence survey,
carried out in 1989, provides a target
outcome for model calibration, as detailed
below.
The form of the simulation studies that
we are using for this analysis is similar to the
form we have used in previous studies
(Eisenberg et al. 1996; Grieb et al. 1999;
Spear and Hornberger 1980; Spear et al.
1991). In short, given the model and the
first generation of parameter distributions, it
is possible to run sets of Monte Carlo simu-
lations, each resulting in a predicted out-
come at the time of the 1989 cross-sectional
survey. The missing element is the specifica-
tion of the criteria for assessing which, if
any, of these outcomes matches the actual
outcome observed in the field. This is not a
simple matter. Although we have reasonable
data on disease prevalence and worm bur-
den based on the egg excretion data, we
have very limited knowledge of the infected
snail density. However, there are some cer-
carial bioassay data that might allow a crude
rank ordering of infected snail density by
village. Because of the considerable uncer-
tainty in assessing goodness of fit in prob-
lems of this sort, in the past we have used
binary criteria for assessing the degree to
which the model captures the principal
characteristics of the field data. The criteria
are generally specified as a number of condi-
tions on the output, which in this case
include disease prevalence, a worm burden
that lies within an acceptable range of values
about the 1989 field estimates, and an
upper bound on the density of infected
snails based on the density of uninfected
snails from surveys in each village. Hence,
the infection-related outcomes pertain to
each risk group, and the snail-related out-
come, to each village.
The end result of a set of Monte Carlo
runs is then ng good simulations (passes)
and nb bad ones (not passes). Associated
with each run is the parameter vector that
gave rise to a simulation that met the good-
ness-of-fit criteria or that did not. These
vectors contain the information from which
the second generation of parameter distribu-
tions is estimated. Through this calibration
procedure, parameter uncertainty can be
reduced and the model made specific to the
set of villages and risk groups under study.
As more data from future research become
available, additional pass/not-pass criteria
can be defined, and the model parameters
can be better refined, resulting in third-gen-
eration, fourth-generation, and so on,
parameter estimates. However, after the sec-
ond-generation parameter estimates, we
have a calibrated model, which can be used
for prediction and the evaluation of inter-
vention strategies.
Although we have had considerable
practical success with the pass/not-pass
methodology, it transpires that it is a special
case of a Bayesian approach recently pro-
posed by Poole and Raftery (2000) that they
call Bayesian melding. We believe that their
generalization and formalization of the
means of dealing with parametric uncer-
tainty, when applied to deterministic mod-
els of the sort typified by the schistosomiasis
model, expand the potential of the overall
approach that we have proposed above.
Because the issue of parameter estimation
lies at the practical core of our work, we
now outline the Bayesian melding approach.
Parameter Estimation and
Uncertainty Analysis: Bayesian
Melding
In the approach we outline above, the mod-
els are used for two purposes. Ultimately,
they are used to perform virtual field experi-
ments to compare the performance of com-
peting intervention strategies. We refer to
this goal as prediction. However, before pre-
diction can be performed, it is important
that model parameters have been well esti-
mated. Although we have based parameter
estimates on the best available literature and
field data, residual uncertainty still exists,
which we would like to reduce. We can
refine these parameter estimates by statisti-
cally comparing the output predicted by the
model with observed outcomes. In essence,
we must reconcile what we know to be rea-
sonable outputs of the model with outputs
that are induced by running the model on
what we also believe to be reasonable input
parameters. In fact, for some input parame-
ters for which we have no prior informa-
tion—notably, the spatial parameters—the
model and output data provide the only
means for estimation. Because this situation
requires several disparate sources of data to
be integrated in estimating the parameters
of interest, a Bayesian approach lends itself
to estimation in this complicated and some-
what messy situation. An iterative process
allows for the comparison of information
from past experience with future data to fur-
ther refine estimation and calibration of the
disease models.
In the fortunate circumstance that a
detailed time series on one of the outcome
variables (such as disease prevalence) has
been recorded, least-squares or maximum
likelihood techniques can be used to esti-
mate the parameters (Eisenberg et al. 2002).
Such detailed data are most commonly avail-
able in acute, outbreak situations. These pro-
cedures have been also adopted to account
for prior information on the parameters by
using a traditional Bayesian approach
(Raftery et al. 1995), where one can define
both priors on the inputs and likelihood on
the outputs, given the model, input parame-
ters, and data. The data associated with
schistosomiasis, however, are different, in
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that disease prevalence in humans is mea-
sured annually at most and typically not
every year. In addition, there will be infor-
mation on other state variables, such as the
density and infection rate of snails, also mea-
sured at most annually. Finally, there is also
expert opinion regarding plausible trajecto-
ries of the state variables, and these are typi-
cally a small subset of the possible
trajectories that the model can produce and
that match the sparse data. Technically, the
information available can be translated into
prior information on the input parameters
and prior information on the output state
variables. As discussed above, the pass/not-
pass method is one that identifies parameter
sets consistent with reasonable output state-
variable time series. Others have introduced
metrics to define distance between model
outputs and expected characteristics of these
model outputs, such as frequency and mag-
nitude of oscillations (Kendall et al. 1999).
The Bayesian melding approach unifies pro-
cedures that combine prior information
regarding both input parameters and model
output to further constrain the acceptable
solution space of the input parameters.
In Bayesian melding, two priors on the
output are compared. One prior is based on
literature or field data as to what is reason-
able output. The other prior on the output
is induced by running the model on valid
prior information on input parameters.
These two output priors are “melded”
together and inverted to the input parame-
ter space, thereby refining the estimate of
the input parameters. In detail, and using
Poole and Raftery’s terminology, let
[1]
where M is the deterministic model that
relates an n-vector of input parameters, θ, to
a p-vector of outputs:
[2]
Using an example drawn from our model,
one component of θ might be the input h,
the number of eggs/worm pair/stool quan-
tity, and a component of φ might be the
output wik(t), the worm burden in the ith
village, kth risk group at time t. Define the
posterior, joint model of inputs and outputs
to be
[3]
where p[θ,M(θ)] is the premodel joint dis-
tribution. One can think of p[θ,M(θ)] as
containing the statistical information and
relationships among the parameters and
state variables before considering how these
inputs determine the outputs, φ. The post-
model joint distribution, π(θ,φ), however,
only puts mass on input/output combina-
tions consistent with the model, so it is a
rescaled version of p[θ,M(θ)] with the mass
of the impossible input/output combina-
tions set to 0. In the schistosomiasis model,
for instance, if the prior p[θ,M(θ)] allows
positive probability on the combination h =
a and wik(t) = b, whereas the structure of the
model suggests such a combination could
never exist (although each value is accept-
able in different combinations), then the
posterior puts mass 0 on (a,b).The interest-
ing distribution with respect to the estima-
tion of input parameters is the marginal
posterior of the inputs, or,
[4]
As discussed above, we will ignore the
possibility of having sufficient data to con-
struct meaningful likelihood on the outputs.
Thus, one can typically write the prior as
[5]
where q1 and q2 are the prior distributions
for θ and φ, respectively. Because φ = M(θ),
the model M and the prior q1 induce
another, independent prior on φ, say, q1(φ).
Bayesian melding is a method for reconciling
these two priors on the output, resulting in a
single prior, say,q˜ (φ). The final step is to
invert q˜(φ) to get a marginal, posterior distri-
bution on the input parameters, π(θ). The
overall approach is illustrated at the top of
Figure 3. The distillation of the above tech-
nical discussion is that Bayesian melding
p q q1 2θ φ θ φ, ,( ) ∝ ( ) ( )
 π θ θ θ( ) ∝ ( )[ ]p M, .
π θ φ θ θ φ θ, , ,( ) ∝ ( )[ ] = ( ){ }p MM ifotherwise0
 φ θ= ( )M .
 M
n p: , , ,θ φ θ φ→ ∈ ⊆ ℜ ∈ ⊆ ℜΘ Φ
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Figure 3. Illustration of the Bayesian melding procedure, where melding the prior knowledge of what the
model output should be and what the model actually produces results in a refined knowledge about the para-
meters (A); schematic diagram of repeating use of Bayesian melding to update the posterior input parameter
distributions when data are collected from three field seasons and converted to output priors (B).
takes existing information on the input
parameters in the form of a prior distribu-
tion, q1(θ), and new information/expert
opinion on the outputs, q2(φ), and con-
structs new, refined information on the
parameter inputs, π(θ). Note that the
pass/not-pass procedure simply places a uni-
form prior on a subspace of Φ, q2(φ) ∝ I(φ
∈ ΦS), where ΦS is the acceptance region of
Φ. Unlike traditional Bayesian analysis,
Bayesian melding requires priors on the
inputs, priors on the outputs, and a some-
what arbitrary specification of how q2(φ)
and q1(φ) are to be melded (relative weights
given to each distribution) to get q˜(φ).
Bayesian melding can be applied itera-
tively, adding new field data over time, to
progressively refine parameter estimates.
Using our field research in China, we begin
with a field study to construct q2,1(φ) (sub-
script 1 is for first field season) and combine
with existing prior information on the input
parameters, q1(θ), using Bayesian melding
to get, first, posterior estimate of the input
parameters, say, π1(θ). In the next field sea-
son, we again collect new data to get q2,2(φ)
and use as input prior last years distribution,
π1(θ), now as a prior input parameter distri-
bution to get a new postmodel distribution,
π2(θ). For every new collection of field data,
this process is repeated and, ideally, the
postmodel distribution becomes “tighter” as
more information is collected. The bottom
part of Figure 3 shows schematically how
this process works.
As more is known about the transmis-
sion process for a particular disease, the
more potentially complicated one can make
the mathematical models. Increasing com-
plexity typically involves the addition of
more input parameters, such as the addition
of occupation as a risk factor in the models
described above. Another consequence is
that the models have a greater variety of
possible patterns in the output state vari-
ables. It also increases the potential for non-
invertibility of the models—the potential
that different sets of input parameters will
result in the identical output series, or,
[6]
What this implies is that strong (possibly
nonlinear) relationships among some of the
parameters will characterize the joint poste-
rior distribution. Strong relationships among
some parameters imply that the available
data on the output series cannot identify
these parameters but only linear or nonlinear
composites of them. Finding these sets of
parameters either can help identify parame-
ters that need independent data or may sug-
gest new ways to parameterize these models
that can reduce unnecessary redundancy.
Most procedures that attempt to esti-
mate the marginal posterior, π(θ), do so not
by finding the distribution directly but by
methods that generate random samples
from the underlying distribution of interest,
one example being the pass/no-pass method.
The result is repeated draws from π(θ). So,
finding linear and nonlinear relationships
among the parameters is an exercise in mul-
tivariate density estimation and principal
components analysis. Tree-based density
estimation is a nonparametric multivariate
density estimation technique particularly
well suited to estimation of high-dimen-
sional data (Spear et al. 1994). In addition,
newly developed nonlinear principal com-
ponents (Bakshi and Utojo 1998) permit
the discovery of strong nonlinear relation-
ships among the parameters that conven-
tional principal components methods would
not discover.
Uncertainty Analysis
Consider now that a posterior distribution
of the model parameters has been estimated.
Estimating the posterior distribution, π(θ),
provides an estimate of the uncertainty of
input parameters. It does not, however,
measure the cost of this uncertainty, where
cost is defined to be the uncertainty of the
predicted output series, φ. As discussed
above, repeated simulations of the model
based on random draws from the parameter
distribution can be used to evaluate model
sensitivity to parameters. More generally,
these simulations can be used to evaluate the
cost of sensitivity on output uncertainty, a
process called uncertainty analysis (Morgan
et al. 1990). Note that uncertainty in the
output is a function of both uncertainty in
the inputs and the sensitivity of the outputs
to changes in the inputs. For instance, esti-
mation of π(θ) might imply that a particular
parameter—say, θ*—is very poorly esti-
mated (marginal distribution of θ* has large
variance), but if φ is insensitive to changes
in this parameter, the uncertainty of θ* does
not propagate into uncertainty in the pre-
diction. To direct research efforts in the
future to construct more reliable models, we
should identify parameters that have the
biggest cost with respect to their uncer-
tainty. As mentioned above, for instance,
how does the uncertainty/inaccuracy in
measuring local rainfall translate into uncer-
tainty on the model predictions of the
prevalence of schistosomiasis in humans?
Uncertainty analysis should be done on
groups of correlated parameters as discov-
ered using the methods described above.
One method to find the parameters that
contribute the most to uncertainty in the
outputs is to fix all but one parameter or
group of correlated parameters and record
the variance in the output when the remain-
ing parameters are allowed to vary according
to π(θ). By comparing the results, one can
target field research to better identify those
parameters that contribute most to uncer-
tainty of the output.
Concluding Example
An example of the general strategy outlined
above is based on the historical data from
the Chuanxing villages. The most highly
infected risk group was the residents of a vil-
lage where 81.9% of all villagers above 5
years of age were infected in 1987. All vil-
lagers were treated with praziquantel in
October 1987 and August 1988, which
reduced the infection rate to 19.3% in
1989. In simulating the infection experience
of these villagers over this interval, we used
an earlier version of the model without the
spatial parameters γik and ξk and the rainfall
effects parameters r(p). All of the prior para-
meter distributions of the model were
M Mθ θ φ θ θ1 2 1 2( ) = ( ) = ≠, .
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Figure 4. Simulation of the effect of targeted treat-
ment on each risk group using the model calibrated
for 1987 and 1989 data from the Xichang study
area, where targeted treatment was explored.
Simulated treatment was given to the student
group every April for 3 years but no treatment for
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Figure 5. An example from Xichang data of how the
posterior parameter space for model parameters
can be reduced through simulation and Bayesian
melding. Model parameters h and k were originally
sampled uniformly between 1 and 7 and between
0.1 and 0.5, respectively (the prior space). The sub-
set of simulations that pass the calibration criteria
(the posterior space), shown as dots, are con-
strained to the upper right corner of the parameter
space, showing that uncertainty in these variables
is reduced substantially.
defined to be uniform, some based on data
from the literature and some based on local
data as outlined above, and Monte Carlo
simulations were performed. The calibration
trajectories on the left side of Figure 4 are
from those simulations that were judged to
be consistent with the field data for three
risk groups from the 1987 infection surveys.
As discussed above, criteria for a good simu-
lation were based on a close match to the
1989 prevalence data, an upper bound on
infected snails, and a lower bound on the
egg excretion values, given the 1987 initial
conditions. All of the trajectories shown in
Figure 4 met the criteria, which illustrates
that more than one set of parameters can be
consistent with the calibration conditions.
However, only 62 of the 10,000 simulations
met these criteria, so the posterior parameter
space has been significantly constrained.
Our experience has shown that only a
small subset of simulations are “good,” gen-
erally ≤ 1% of the total. If we compare the
posterior space with the prior space for two
model parameters, h and k (Figure 5), we
can see begin to understand how parameter
distributions are refined in multivariate space
through our methodology, with acceptable
parameter combinations lying in the upper
right quadrant of the prior space, substan-
tially reducing the uncertainty in these two
parameters. Here, the situation with just two
parameters can be easily understood.
However, one generally observes that,
among parameter sets resulting in good sim-
ulations, some parameters range over almost
their entire prior distribution range. These
two observations suggest that the second-
and subsequent-generation parameter spaces
are very complex and that more sophisti-
cated multivariate techniques must be used
to explore the posterior parameter spaces.
Now that we have calibrated the model
to fit our village, to illustrate the exploration
of control strategies, we used the 62 para-
meter vectors to forecast the effects of a sus-
tained intervention among the three groups
commencing in 1989, during which only
students were administered chemotherapy
annually. These results are shown on the
right side of Figure 4. Clearly, if this village
were isolated such that no cercaria or eggs
were imported from neighboring villages,
the results suggest that annual mass
chemotherapy would be effective in main-
taining a low worm burden and low preva-
lence of infection among students, but that
little benefit would be afforded the farmers
or domestic workers. In this particular case,
the variability about the mean trajectories
shown in Figure 4 is modest, largely because
of the extent of data available from the
Chuanxing studies. We cannot expect that
to be the case in forecasting studies based on
current surveillance data, and much of our
current work focuses on identifying key
parameters about which improved estimates
would have a significant impact on the vari-
ability of forecasts of control effectiveness.
Although such examples raise a variety
of questions about the model and its para-
meterization, the strategic point, we hope, is
clear. If we can capture the principal ele-
ments of the disease cycle in the structure of
the model and demonstrate that it can be
parameterized from local data at reasonable
cost and with acceptable residual uncer-
tainty, the notion of designing interventions
using the model becomes an attractive and,
ideally, an effective management tool.
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